Using quantile regression methods, this paper analyses the gender wage gap across the wage distribution and over time , while controlling for changing sample selection into full-time employment. Our findings show that the selection-corrected gender wage gap is much larger than the one observed in the data, which is mainly due to large positive selection of women into fulltime employment. However, we show that selectioncorrected wages of male and female workers at the lower half of the distribution have moderately converged over time. The reason for this development have been changes in the composition of the male full-time employment force over time, which in spite of the rather constant male full-time employment rate, have given place to a small but rising selection bias in male observed wages. In the upper half of the wage distribution, however, neither the observed nor the selection-corrected gender wage gap has narrowed over time.
Introduction
In all countries of the world, men earn -on average -higher wages than women. This differential, known as the gender wage gap, has been decreasing over the last decades, although recently at a lesser pace (e.g. Kahn 2017, OECD 2017) . Many factors such as rising female educational attainment and labour market attachment have contributed to the decrease of the gender wage gap over the last decades, not least changing selection patterns into employment (e.g. Blau and Kahn 2006 , Blundell et al. 2007 , Mulligan and Rubinstein 2008 . In addition, distributional studies about the gender wage gap have revealed a large variation over the distribution, particularly substantial glass ceilings and sticky floors in selected countries (Albrecht et al. 2003 , Arulampalam et al. 2007 , Rica et al. 2008 . However, in the prevailing context of rising wage inequality as well as a general increase in female labour market participation, selection into employment is likely to differ along the distribution and also over time (e.g. Arellano and Bonhomme 2017) .
As a consequence, the effect that selection into employment has on the gender wage gap may also change across the distribution and over time. It is the aim of this paper to make use of recent developments in the econometrics literature to analyse selection-corrected gender wage gaps across the distribution and over time.
In particular, we follow Melly and Santangelo (2015) 1 and provide a distributional analysis of the gender wage gap for West Germany in the years 1990 to 2014. Importantly, the method controls for changing patterns of selection into employment across the distribution and over time. The goals of this paper are threefold: First, we provide a descriptive analysis of the evolution of the full-time employment rate and gender wage gap across the distribution and over time. Second, we show estimates of the selection-corrected wage gaps and explore the heterogeneity of the results along selected socio-economic dimensions. Third, we quantify the selection bias on observed male and female wages across the distribution and over time.
The empirical strategy used to take potential selection effects into account consists of imputing non-realised wages for those individuals who are not full-time employed in a given time period (see Neal 2004 , Blau and Kahn 2006 , Olivetti and Petrongolo 2008 for similar approaches). In particular, we use a new econometric method proposed by Melly and Santangelo (2014, 2015) that extends Athey and Imbens (2006) 's changes-inchanges model by accounting for covariates and adapts it to impute non-realized wages that account for both observable and unobservable characteristics of individuals. This method uses information from an individual's realized wage obtained from longitudinal data and assumes the time-invariance of the unobservables conditional on the observables to impute this individual's wage whenever he or she is out of work. This imputation-based approach allows us to characterize female and male selection-corrected wage distributions without having to rely on specific variables as exclusion restrictions.
Our analysis is based on the German Socio-Economic Panel (GSOEP), a rich longitudi-1 Melly and Santangelo (2014) provide an analysis of the gender wage gap for the U. S. from 1968 to 2008. nal dataset with detailed data on earnings, working hours and individual-and householdlevel characteristics. We restrict our analysis to full-time employees residing in West Germany over the time period 1990-2014. This is a time period in which Germany displayed a large gender wage gap, experienced a steep increase in female labour market participation, implemented numerous labour market, social-and family-policy reforms, and experienced large increases in wage inequality (see, e.g. Dustmann et al. 2009 , Card et al. 2013 .
Our results show slight convergence of male and female observed full-time wages during the 1990s at selected points of the wage distribution -and stagnation at all points of the distribution thereafter. This is a phenomenon reported for several Western economies such as the U.S. (see Blau and Kahn 2017) . Our findings also show that the selectioncorrected gender wage gap is much larger than the one observed in the data, which is due to large positive selection of women into full-time employment. However, we show that selection-corrected female relative wages at the lower half of the distribution have moderately converged over time. The reason for this development have been changes in the composition of the male full-time employment force over time, which in spite of the rather constant male full-time employment rate, have given place to a small but rising selection bias in male observed wages.
A closer look at the results by selected socio-economic dimension reveals that the increasing male selection bias is driven by changing selection patterns among the youngest individuals (aged 20 to 29) in our sample. Furthermore, we find divergence in selectioncorrected male and female wages from individuals with tertiary education over time.
Finally, we find the observed convergence of median wages for parents to be solely the result of rising selection bias on mother wages over time -the selection-corrected gender wage gap for this group shows stagnation during the 25 years of our analysis. This paper contributes to the large and growing literature examining differences in male and female wages. Whereas human capital levels (such as educational attainment) accounted for a large share of the gap in the 1980s and 1990s (Blau and Kahn 2017) , women have caught up with men's educational achievement in virtually all high-income countries (see Goldin et al. 2006 , Becker et al. 2010 ). However, the gender wage gap widens with age over the life cycle -both for older and younger cohorts -which researchers attribute to marriage and motherhood (see Anderson et al. 2002 , Angelov et al. 2016 , Juhn and McCue 2017 , Kleven et al. 2019b or Kleven et al. 2019a . Other factors examined in the literature are occupational segregation (Groshen 1991 , Fitzenberger and Kunze 2005 , Ludsteck 2014 ), intra-firm gender wage gaps (Heinze and Wolf 2010, Card et al. 2016) as well as labour market institutions such as wage-setting mechanisms (Blau and Kahn 2003) , unions Kahn 1992, 1996; Booth and Francesconi 2003) and family policies (Christofides et al. 2013, Olivetti and Petrongolo 2017) . Furthermore, the literature has also focused on estimating the extent and evolution of changing selection into employment (Dolado et al. 2019) as well as its effect on the gender wage gap (Blundell et al. 2007 , Olivetti and Petrongolo 2008 , Mulligan and Rubinstein 2008 , Maasoumi and Wang 2019 and more generally on wage inequality (Arellano and Bonhomme 2017, Biewen et al. 2018) . With regard to the impact of selection into employment on the gender wage gap, Olivetti and Petrongolo (2008) show that a large share of the cross-country differences in gender wage gaps can be explained by differences in female employment rates. Mulligan and Rubinstein (2008) present a theoretical framework that links increasing positive selection into employment to rising wage inequality and show that convergence of male and female wages in a context of rising wage inequality can be overestimated if increasing selection into employment is not taken into account. More recently, Maasoumi and Wang (2019) make use of Arellano and Bonhomme (2017)'s econometric model for controlling for selection into employment in the context of quantile regression and find that the relationship between employment rates and selection into employment varies across gender and over time. One last strand of literature relevant for this paper focuses on examining the large variation of the gender wage gap across the distribution as well as the different roots behind gender wage gaps among low-and high-earnings individuals (e.g. López-Nicolás et al. 2001 , Albrecht et al. 2003 , Gupta et al. 2006 , Arulampalam et al. 2007 , Kassenböhmer and Sinning 2014 .
In the next two sections, we provide a detailed description of the empirical strategy and the data. Section 4 documents the evolution of full-time employment rates over time by gender and selected socio-economic characteristics. Sections 5 and 6 present our main results and explore the heterogeneity of those. Finally, Section 7 summarizes our findings and draws policy conclusions.
Empirical strategy
The aim of this paper is to identify the role of changing selection into employment for the evolution of the gender wage gap across the distribution and over time. To this end, we need a method to correct for selection into employment that is compatible with our distributional approach. In this paper we use a selection correction method proposed in Melly and Santangelo (2015) , which consists of an imputation based approach 2 . Imputation-based approaches correcting for selection into employment have been widely used in the literature (Neal 2004 , Blau and Kahn 2006 , Olivetti and Petrongolo 2008 among others). Mostly, they rely on informed guesses of whether non-realized wages fall above or below observed median wages -mostly conditional on the education level of the individual. The imputation method proposed by Melly and Santangelo (2015) goes a step further and suggests imputing a point-identified wage for each individual out-of-work that takes into account both observable and unobservable characteristics of the individual.
Once each individual in the sample gets assigned a wage, which can be either realized (i.e. observed) or non-realized (i.e. imputed), the resulting wage distribution is by definition selection-corrected.
Throughout the paper, we denote the observed cumulative distributions of men and women's full-time log wages as F W M ,t and F W F ,t , respectively, which are only defined for individuals pursuing full-time employment at time t. We refer to the selection-corrected counterparts as F W M ,t and F W F ,t , which are defined for all individuals in the sample.
Thus, the observed gender wage gap at point τ ∈ (0, 1) in the unconditional distribution is given by:
whereas the selection-corrected wage gap can be expressed as:
This is still quite a raw measure of the gender wage gap, as it does not control for differences in human capital between women and men, but it does control for differences of selection into full-time employment which is the focus of the paper. Next, by adding and subtracting expression (2) to (1), we can express the observed gender wage gap as:
where the two last terms capture the effect of selection into full-time employment on the male and female wage distribution, respectively 3 . These are measured by the distance between observed and selection-corrected wage distributions at different points of the distribution, which are allowed to differ by gender:
Confidence bands for estimates G corr (τ, t), Sel M (τ, t) and Sel F (τ, t) throughout the paper are computed using a critical value obtained through an inversion of the Kolmogorov-Smirnov test.
The rest of this section is structured as follows. Next we present Melly and Santangelo (2015) 's imputation method of non-realised wages 4 . Later we discuss the specification of the conditional wage model. Importantly, A1 needs to hold only in distribution, which allows for unsystematic slippages of the conditional ranks of particular individuals 5 However, in this paper we require an auxiliary assumption which we use for individuals for whom we do not observe a full-time wage in the data. In this case, these individuals get allocated a random conditional rank:
Imputation of non-realized wages
This assumption is justified by the fact that most reasons for us not observing a fulltime wage for certain individuals relate to the design of the GSOEP, which we argue is exogenous with respect to the unobservable wage component of these individuals (see Section 3 for a discussion on this). Furthermore, by allocating these individuals a random conditional rank, we do not modify the spread of the resulting wage distribution.
The imputation algorithm suggested by Melly and Santangelo (2015) starts by building subsamples with individuals that work in two given periods (group 0) and subsamples of individuals that only work in one of these two periods (group 1). The latter reveal information on their unobservables in the one period when they work, which is captured by their conditional rank in the wage distribution. The evolution of wages of group 0 allows imputing group 1 a conditional wage that responds to the wage structure of the time when the imputation is required and that accounts for both observable and unobservable characteristics of the individuals. This exercise is carried out separately for men and women and for all possible combinations of two survey years in the data, which we refer to as t ∈ {k, l}. The assignment to a group according to the description above is captured by variables G kl , each with realisation g kl ∈ {0, 1}.
Formally, Melly and Santangelo (2015) show that the conditional wage distribution of those individuals not working in time period t=k but working in time period t=l can be derived as:
and individual wages conforming F −1 W |g=1,t=k,x (θ) can be imputed as:
whereβ g,t (θ) are the wage equation coefficients for quantile θ coming from the estimated conditional quantile regression processes. As each realised full-time wage provides enough information to impute all non-realised wages of an individual, expression 7 produces multiple available imputations for a single non-realized wage in most cases. We follow Melly and Santangelo (2015) and weigh all available imputations for an individual.
For those individuals for whom we require a random conditional rank, we predict a wage for them by using their observable characteristics for a given year and the coefficients from the wage process estimated on all imputed wages in a given year according to the main model (equation 7) -evaluated at their random conditional rank.
Conditional wage model
The wage process is estimated separately year-by-year for men and women in the subsamples defined by G kl -kl being all possible two-year combination in the data -as a linear conditional quantile regression model (Koenker and Bassett, 1978) :
The dependent variable, w it , is the natural logarithm of the hourly wage. The independent variables, x it , consist of an intercept, age (polynomially), an indicator variable for an intermediate degree, an indicator variable for an advanced degree and a continuous variable capturing actual full-time working experience polynomially up to the power of three.
Ideally, we would like to include past part-time employment spells as a covariate in the wage model. However, we decided against given that in the data there is almost no variation for men and only little variation for women in the values of past part-time employment spells, a problem that accentuates in the presence of small subsamples conforming the two-year combinations required for the imputation procedure. Not including past part-time employment spells lets the model treat those qualitatively the same as non-employment spells and/or overlong education years conditional on achieved degree.
The error incurred here should be moderate, as the literature has found that accumulation of human capital in part-time employment takes place very slowly if at all (Blundell et al., 2016 , Paul, 2016 . Furthermore, our wage model only includes covariates which we can observe regardless of the employment status of the individual -otherwise we could not use it to impute non-realised wages.
Data
Four our empirical analysis we use the German Socio-Economic Panel (GSOEP) for years 1990 to 2014. The GSOEP is a rich dataset for Germany that brings together a longitudinal dimension and detailed information on the number of working hours, which are both essential for the imputation of non-realised wages 6 .
We restrict our estimation sample to those individuals aged 20 to 55 with residence in West Germany 7 . Furthermore, we exclude individuals in retirement, the military, disabled individuals, and the self-employed. Individuals who only appear once in the data are dropped, as the imputation procedure requires at least two observation per individual.
Last, in order to minimize the number of individuals for whom we never observe a fulltime wage, we restrict our analysis to Samples A to K -implying that we do not use any new sample joining the SOEP after 2009 -and adapt the weighting factors to keep the representativeness of our sample from 2010 onwards.
We focus only on the gender wage gap among full-time employees 8 . We define full-time , which are based on social security records, do have the longitudinal dimension, however they lack detailed information on individuals' working hours. 7 We restrict the analysis to West Germany because the labour market of East Germany during these years had very distinctive features that would require a separate estimation. Unfortunately, the number of observations for East Germany is too small for our data-intensive imputation method. 8 Ideally we would like to analyse the gender wage gap for part-time employees as well. Unfortunately, this is not possible because of too few male part-time wage observations. We argue a joint analysis of the gender wage gap for full-and part-time employees would not be meaningful given the large expansion of part-time employment during the last decades, its strong gender dimension as well as growing part-time wage differentials.
they have a side job) as well as for individuals with missing information on earnings but complete information on the covariates entering the wage equation. Table 1 below). Tables A1 and A2 in the Appendix for year-by-year figures). We argue that use of assumption A2 is justified by the fact that this large discrepancy is due to the GSOEP survey design (for instance, the age at which an individual is invited to participate in the GSOEP for the first time), which should be exogenous to individuals' unobserved productivity U.
Full-Time Employment over Time
The percent of the labour force, which is 10 percentage points more than in 2000. The fact that the employment of women has risen substantially while the employment rate of men did not change most likely means that selection into employment, which affects the selection bias of observed wages, is likely to be different for men than for women, and to be changing over time. Differentiating by education levels, we find that the full-time employment rate of men with a basic degree has dropped by more than 10 percentage points until the mid of the 
Main Results
This section offers a descriptive analysis of the observed gender wage gap across the distribution and over time, and then moves to presenting our estimates of the selectioncorrected gender wage gap. Our analysis shows that the observed gender wage gap among full-time workers displays a slight u-shape over the wage distribution, as can be seen from Table 2. In the beginning of the 1990s, the observed gender wage gap was 32 log points at the bottom (10 th percentile), 24 log points at the median, and 28 log points at the very top (90 th percentile) of the wage distribution. The observed gender wage gap has decreased smoothly for all quantiles of the wage distribution over time 9 , and the u-shape is still observed in the latest sub-period from 2010-2014. At the median, the observed gender wage gap among full-time workers has decreased by 6 log points between the two sub-periods of 1990-94 and 2010-14. The decrease has been even larger at the bottom of the wage distribution, where the gender wage gap has decreased by 8 log points over the same time period. In 9 Complete results for all sub-periods are shown in Table A4 in the Appendix contrast, we do not find a statistically significant convergence of the wages of male and female workers at the top of the wage distribution (see Table 2 , Panel B). Comments: Units are log-points differences between selection-corrected male and female wage distributions.
In brackets 95% confidence bands (computed by bootstrap with 200 replications).
Source: SOEP.v34 Samples A-K, own calculations. Table 1 , our main finding is that failing to account for selection into full-time employment leads to a strong underestimation of the gender wage gap. For example, the selection-corrected gender wage gap for the median of the wage distribution was 25 log points in the years 2010-14, which is 7 log points higher than the corresponding observed gender wage gap. As Table 2 shows, selection-corrected gender wage gaps are higher than observed gender wage gaps at all points in time and also across the whole wage distribution. The main reason for the selection corrected gender wage gap to be higher than the observed one is that positive selection into full-time employment is much larger for women than for men (see Tables 4 and 5 further below).
Similar to the development of the observed wages, we also observe a convergence of selection-corrected wages of male and female full-time workers over time. At the median, the selection-corrected gender wage gap has decreased by 5 log points between 1990-94 and 2010-14. Moreover, the convergence of the selection-corrected wages shows a similar pattern across the wage distribution as the convergence of the observed wages: At the bottom, we find a larger convergences, while there is no convergence at the top. As Panel B of Table 2 shows, the selection-corrected gender wage gap decreased by 15 log points between 1990-94 and 2010-14 at the 10 th percentile, by 9 log points at the 25 th percentile and by 5 and 4 log points at the 50 th and 75 th percentile, respectively. However, there is no statistically significant decrease of the selection-corrected gender wage gap for the 90 th percentile of the wage distribution. Therefore, the evolution of both, the observed and the selection-corrected gender wage gap over time and across the wage distributions shows that the so-called "sticky floors" have become less severe over time, while the "glass ceilings" still prevail.
The reason that the selection-corrected gender wage gap is higher than the observed one is obviously that selection into full-time employment is different for men and women.
Throughout the whole period of observation, we find a statistically significant positive selection bias at all points in the wage distribution, both for men (Table 4 ) and women (Table 5 ). There is a small exception to this finding, which is the top of the male wage The (positive) selection bias in the distribution of the wages of female full-time workers is much higher than for their male counterparts at all points of the wage distribution.
Furthermore, the evolution of the effect of selection on wages over time is somewhat different for women than for men. In the first half of our observation period, we observe an increase in the effect of selection on female wages. Comparing the periods 1990-94
and 2000-04, we find that the selection bias in observed wages increases by 9 log points at the 10 th percentile and by 5 log points at the 50 th percentile of the female wage distribution. For the upper half of the wage distribution, we do not find any changes in the effect of selection. Comparing the periods 2000-2004 and 2010-14, we do not find any statistically significant changes in the effect of selection at any point of the wage distribution. Against the background of increasing full-time employment rates of women, we would have expected a decrease in the selection bias on wages. However, we find the exact opposite, in particular in the first half of the observation period. This implies that the increase in full-time employment was not random but concentrated among women who have observed and unobserved characteristics that are highly rewarded in the labour market. Comments: Differences in log-points between the observed and the selection-corrected distributions.
* Uniform inference at the 5% level (computed by bootstrap with 200 replications).
Source: SOEP.v34 Samples A-K, own calculations.
Heterogeneity analysis
In this section we examine how our results differ by selected socio-economic dimensions.
The first of these dimensions is age, as it is an established fact that in many economies gender wage gaps increase with age, often as a result of family formation and motherhood (see for instance Anderson et al. 2002 , Angelov et al. 2016 , Juhn and McCue 2017 , Kleven et al. 2019b or Kleven et al. 2019a . But also decisions regarding partici-pation in the labour market and resulting patters of selection into full-time employment are much likely to differ by age segments. Therefore, we split our sample into three broad age categories (20 to 29 year olds, 30 to 39 year olds and 40 to 49 year olds) and examine whether there is heterogeneity in our results for these groups. In the raw data, the median gender wage gap increases with age 10 . However, for the two younger age categories it has decreased over time -even vanishing in the period 2010-2014.
For the oldest category, the median gender wage gap displays a constant profile over time.
Controlling for selection into employment does not alter the fact that the gender wage gap increases with age. Furthermore, selection-corrected wage gaps are higher than the observed ones for all age groups at all points in time. As with the aggregated gender wage gaps, the main reason behind this difference is that the female wage distribution is more strongly positively selected than the male one. Over time, the selected-corrected wage gap decreases for all age categories -although with different timings and magnitudes.
However, the key finding of exploring the heterogeneity of the results by age is the fact that the rise in male selection bias appears to be driven by men in the youngest age group. For this group, our results show an increase in the male selection bias of 10 log points over the entire period 11 , while male selection bias has stayed constant and statistically insignificant for the other two age groups at all points in time. For women, we find positive selection into full-time employment for all age groups. The magnitude of the selection bias has increased over time for the two younger age groups, while it has stayed constant for the group aged 40 to 49 12 . Table 7 shows the heterogeneity of the results by education level. In terms of observed wage gaps, figures are relatively similar across groups and over time -with the exception of the rise in the observed median wage gap for the highly educated in 2010-14 (almost 9 log points with respect to the previous decade 13 ).
The selection-corrected wage gap is much higher than the observed one for the group with basic education. Female selection bias reaches 14 to 19 log-points depending on the time period. However, observed and selection-corrected wage gaps are very similar for the groups with middle and high education. Given that the decomposition is an identity in the mathematical sense, this can only be true if the male and female selection bias are (statistically) the same. In the case of middle education, the selection bias in male wages is remarkably high (8 to 10 log points, large figures for male wages), which nonetheless is consistent with the lower full-time employment rates for this education group (see Figure   2 ). In the case of high education, we find zero selection bias for both the male and the female wage distribution up to the period 2000-04, which is a remarkably low figure for females. For the latest period, we observe an increase in female positive selection for the group with tertiary education, which results in statistically significant divergence of male and female selection-corrected wages for this group. For the other two groups, we do not find any time trend. Table 8 shows heterogeneity by the presence of small children in the household 14 . As expected, raw gender wage gaps are much higher for parents than for childless people.
While the gender wage gap for those without children has stayed quite constant over time, it has decreased by more than 12 log points for those with young children in the 11 Table A5 in the Appendix reports confidence bands for changes over time 12 The point-estimate for this group decreases over time but Table A5 shows that we reject an statistical significant change over time. 13 Confidence bands for changes over time are reported in Table A6 in the Appendix 14 Individuals are counted as parents if their children live the same household than they do. Parents whose children do not (any longer) live in their household are included in the childless category. household.
However, the decrease of the observed gender wage gap for those with children is driven by changing (increasing) female selection bias. While male selection bias for this group is zero throughout the whole entire period under study, it has steeply increased for women (from 4 log points up to 17 log points) 15 .
For the group without children, the selection-corrected wage gap displays a statistical significant decrease over time. Interestingly, female selection bias for this group has stayed fairly constant over time, while it has increased moderately for males (7 log points in the twenty years between 1990-94 and 2010-14). Our measure of selection-corrected gender wage gap can be interpreted as the gender gap in potential wages of all individuals, both those employed and those non-employed.
Conclusion
We find that the selection-corrected gender wage gap is larger than the observed one for all groups, which is due to the much larger positive selection into full-time employment for women than for men. Similar to the evolution of the observed gender wage gap, we find a moderate convergence of the selection-corrected gender wage gap over time for the lower half of the income distribution up to the median. However, our results reject any 15 See Table A7 for confidence bands on changes over time.
convergence of male and female wages at the upper half of the distribution.
The separate analysis of different socio-economic sub-groups yields several interesting findings. First, in contrast to the observed gender wage gap, which decreased strongly for workers in their twenties and even turned insignificant in the latest sub-period (2010) (2011) (2012) (2013) (2014) , the selection-corrected gender wage gap decreased only slightly for this age group.
Second, the difference between the observed and selection-corrected gender wage gap is largest for workers with only basic education level. For workers with intermediate or advanced education degree, the observed and the selection-corrected gender wage gaps are very similar in magnitude, at least for the median. Third, full-time workers with an advanced degree are the only group for whom we actually find an increase in the gender wage gap over time for both, observed and selection-corrected wages. Finally, splitting the sample by the presence of children shows that for workers without children, there is a convergence in observed and -even more pronounced -the selection-corrected wages of men and women working full time. This is consistent with our finding that wages of younger workers have converged over time, because these groups overlap to a large extent. In contrast, for workers with at least one child under 16 living in the household, the observed convergence is exclusively driven by changing mothers' selection patterns and vanish as soon as we control for those. As a result, the selection-corrected gender wage gap for workers with children stagnates at a very high level over the past 25 years.
The fact that the gender wage gap is (i) lower for young workers and (ii) higher for workers with children is well established in the literature and clearly reflected in the findings of the evolution of the gender wage gap over the life-cycle (see for instance Anderson et al. 2002 , Angelov et al. 2016 , Juhn and McCue 2017 , Kleven et al. 2019b or Kleven et al. 2019a, among others) . Our finding that the selection-corrected gender wage gap in particular for full-time workers with children does not change at all over time is bad news, because there have been several family policy reforms in Germany over the past 15 years (Geyer et al., 2015) aiming at facilitating work-family life balance in particular for women. The results of our analyses suggest that these policies might have been successful in terms of mothers' employment, in particular in terms of part- 
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